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Abstract—This paper presents a simheuristic approach com-
bining agent-based modeling and multi-objective optimization for
emergency department management. An agent-based simulation
accurately represents patient flow and resource interactions in
the emergency department, while the NSGA-II optimizes staff
allocation. This hybrid method estimates Pareto-optimal solutions
that balance service quality, measured as expected door-to-doctor
time, and operational costs. The experiments demonstrate how
different staff allocations affect the expected door-to-doctor time.
The results provide actionable insights for healthcare managers,
showing how simheuristics can effectively support decision-
making in complex hospital environments.

Index Terms—Agent-based modeling, Emergency department,
Multi-objective optimization, Simulation-optimization

I. INTRODUCTION

The growing demand for health services, budgetary limita-
tions, and operational inefficiencies pose significant challenges
for healthcare systems worldwide. The situation is particularly
critical in Brazil due to inequalities in access, shortages of
professionals, and recurring overcrowding in public emergency
departments (EDs) [1]. Demographic changes, epidemics, and
underfunding aggravate these challenges, affecting the re-
sponse capacity and sustainability of the national health system
[2].

Hospitals and emergency units are often associated with
long waiting times, patient dissatisfaction, and high operational
stress for medical staff [3]. The motivation for this research
stems from the need to improve the efficiency and quality of
care in emergency units without increasing operational costs.
In this context, the strategic allocation of human resources
becomes crucial for ensuring timely and effective care while
promoting the well-being of healthcare professionals.

Recent literature has explored various simulation and op-
timization techniques to enhance healthcare delivery. Agent-
Based Simulation (ABS) and metaheuristic optimization meth-
ods have proven particularly effective in modeling complex
systems like EDs, where agent interactions and stochastic
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behavior are prominent [4]. Reviews such as [5], [6] highlight
the importance of integrating simulation, optimization, and
operational constraints. Nevertheless, gaps still exist regarding
scalable models that can dynamically adjust resource allo-
cation in response to unpredictable demands and maintain
service quality while respecting budgetary limits.

This study aims to develop an ABS of the patient flow
within an ED, from arrival to discharge, incorporating the main
entities, professional roles, and healthcare processes involved.
The simulation model is integrated with an evolutionary opti-
mization algorithm, specifically the NSGA-II [7], to optimize
human resource allocation. This paper contributes to the field
by proposing a flexible and realistic model capable of support-
ing healthcare managers in resource allocation decisions. The
key contributions include:

• A simulation model tailored to the operational realities
of Brazilian emergency units [8];

• A multiobjective optimization strategy that accounts for
staffing costs, service capacity, and patient urgency.

This work builds upon the studies presented in [6], [8],
[9], where an ABS model using the NetLogo framework
was developed to simulate and optimize staff at Risoleta
Tolentino Neves hospital in Belo Horizonte, MG, Brazil. In
those studies, numerous optimization strategies and decision-
making techniques are explored to reduce patient waiting
times in emergency care units. Differently, this work makes
simplifications due to the study timeline, data availability, and
implementation methodology. The first major distinction is that
the simulation model implemented here is based on discrete-
event simulation (DES). In this approach, agents interact
within a discrete time window, and the entire simulation works
as a finite-state machine. In contrast, the model presented
in [6], [8], [9] allows agents to move and interact continu-
ously according to predefined behavioral rules. A finite-state
machine model representing the proposed system offers a
simplified yet effective way to capture key system dynamics.

Building on the simheuristic framework formalized in [10],
the hybrid methodology presented in this study integrates
agent-based simulation (ABS) with multi-objective optimiza-
tion to address the complex challenges of emergency depart-
ment (ED) staffing allocation. The approach leverages the



complementary strengths of both paradigms: ABS captures the
stochastic dynamics of patient flow and resource interactions,
while optimization techniques systematically explore the trade-
off space between operational costs and service quality.

The theoretical foundation of this approach draws from two
key concepts in the literature. The former is the adaptive
simulation strategy proposed in [10], where computational
effort is dynamically allocated; initially, fewer simulations
guide the metaheuristic search, and, for elite solutions, a higher
quantity of replications is used to refine the better solutions.
The latter is the hybrid modeling taxonomy of [11], which
positions this work as a Type D Hybrid OR/MS Model,
characterized by the synergistic combination of ABS with
mathematical optimization techniques.

At its core, the methodology addresses a critical limitation
of traditional approaches. While pure optimization struggles
with EDs’ stochastic patient arrivals and priority-based rout-
ing logic, standalone simulation lacks the systematic search
capability to identify optimal configurations [4]. The ABS
component models these operational complexities through
agent interactions, generating performance metrics that feed
into the optimization engine. This closed-loop integration
enables the discovery of staffing solutions that balance com-
peting objectives—minimizing patient waiting times and labor
costs—while accounting for real-world uncertainties [12].

The practical implications are twofold. For ED managers,
the framework provides actionable insights into capacity plan-
ning, revealing how incremental changes in staff allocation
propagate through the system. For the broader field of health-
care operations, it demonstrates how hybrid modeling can
bridge the gap between theoretical optimization and imple-
mentable solutions in stochastic environments. Finally, it is
important to emphasize that this article does not aim to
implement decision-making techniques for dynamic or real-
time resource allocation.

II. PROBLEM DESCRIPTION

EDs play a critical role in healthcare systems, since they
provide urgent care to patients with varying levels of severity.
However, many EDs around the world are currently experi-
encing significant challenges, such as overcrowding, prolonged
waiting times, and limited resources [13]. These challenges are
often the result of increasing demand for emergency services
driven by demographic changes, such as population growth
and aging, as well as the emergence of new diseases.

A key issue in EDs is the excessive waiting time patients
face before receiving medical attention [14]. This delay can
lead to a deterioration in the patient’s condition, reduced
satisfaction, and higher mortality risks. One of the primary
causes of these inefficiencies is the suboptimal allocation of
human resources throughout the care process, encompass-
ing reception, triage, medical consultation, and treatment.
These processes involve different professional profiles (e.g.,
receptionists, nurses, general doctors, emergency doctors, and
technicians), and poor allocation among them can result in
process bottlenecks and inefficient use of available staff.

In this context, ABS (also known as agent-based model-
ing) [15] emerges as a powerful approach to simulate the
complex and dynamic environment of EDs. Through this
method, it is possible to model each participant (patients and
professionals) as autonomous agents with specific behaviors,
allowing the exploration of different staffing scenarios and
operational policies.

This hybrid approach enables the exploration of a wide
range of human resource configurations by evaluating their
performance across two critical objectives: (i) minimizing
the average time from patient arrival to initial medical con-
sultation, i.e., “door-to-doctor” time, and (ii) reducing the
total operational costs associated with staffing. By coupling
simulation and optimization, the framework allows for identi-
fying efficient trade-offs between quality of care and financial
sustainability in emergency department management.

The system agents represent key healthcare personnel in-
volved in the patient care process. These include doctors
(both emergency specialists and general practitioners), nurses
assigned to triage and treatment activities, nursing technicians
responsible for clinical support tasks, and administrative assis-
tants handling non-clinical duties within the hospital workflow.

The system is modeled using an agent-based simulation
approach, wherein each healthcare professional is represented
as an autonomous agent governed by a defined set of oper-
ational rules. Patients are also modeled as agents, exhibiting
heterogeneous clinical profiles. Through agent interactions, the
model replicates the complex dynamics of real-world hospital
workflows, as illustrated in Figure 1.

Fig. 1. Emergency Care Flowchart: Conceptual flow diagram of the emer-
gency care system modeled using agent-based simulation. Each area represents
a functional unit where agents are assigned to replicate real-world roles and
resources. Patients enter through the reception and are assessed in the triage
room before being directed to general or emergency care. Depending on
clinical decisions, patients may be discharged, transferred to observation units,
undergo laboratory testing, or be reassigned to other units. The model captures
patient flow, treatment decisions, and dynamic interactions between agents to
evaluate performance under stochastic conditions.

After each simulation run, the model outputs the average
door-to-doctor (DTD) time. The underlying combinatorial
nature of the problem introduces substantial complexity, driven



by three key factors: (i) diminishing marginal returns, where
staffing levels beyond the optimal threshold provide limited
performance improvements; (ii) interdependencies among ser-
vice areas, where alleviating one bottleneck (e.g., by adding
nurses) may expose another (e.g., insufficient doctors); and
(iii) physical capacity limitations inherent to the facility in-
frastructure.

III. METHODOLOGY

Agent-based simulation (ABS) was adopted in this study
to represent the complex and dynamic behavior of emergency
department (ED) operations. Unlike aggregated models, ABS
allows the explicit modeling of individual entities such as
patients, nurses, and physicians, each with their own attributes
and behavioral rules. This fine-grained representation enables
the simulation of interactions among heterogeneous agents
and the emergent system-wide behavior that results from
these micro-level dynamics. For instance, Rahmat et al. [16]
demonstrate how ABS can effectively capture patient flow
and state deterioration under a re-triage protocol, modeling
individuals as autonomous agents with evolving clinical states.
Similarly, Yousefi and Ferreira [8] highlight the suitability
of ABS to reflect the dynamic and adaptive environment of
EDs, where agents continuously interact in a non-linear and
stochastic system. These capabilities make ABS particularly
appropriate for simulating healthcare environments where tim-
ing, concurrency, and human variability play crucial roles.

The simulation was developed in Python using the Mesa
package [17], which provides a suitable framework for build-
ing autonomous agents, collecting data, and visualizing com-
plex systems. All input data, parameters, and statistical dis-
tributions used in this study—whether presented in equations,
tables, or simulations—are grounded in empirical observations
from a real-world emergency care unit. Specifically, they are
based on the operational behavior of the Risoleta Tolentino
Neves Hospital, a major emergency facility located in Belo
Horizonte, Minas Gerais, Brazil. These distributions were
initially developed and validated by Yousefi et al. [6], [8],
[9].

A. Model Structure

The modeled environment represents a hospital divided into
functional sectors, each with a defined number of beds and
healthcare staff. The simulation evolves in discrete time steps,
and agents interact according to predefined rules. The model
includes the following agents:

• Patient: Represents an individual seeking medical care,
with attributes such as arrival time, clinical condition,
priority, waiting time, treatment duration, assigned sector,
and current status. Patients follow a classification based
on the Manchester Triage System (MTS) [18], which may
occasionally misclassify clinical severity. Urgent cases
(red or orange) are routed to emergency units, while
non-urgent cases are sent to specialties like pediatrics,
orthopedics, or general care.

• Receptionist: Registers patients sequentially and for-
wards them to triage after completing the registration
process.

• Triage nurse: Performs the initial clinical assessment and
assigns urgency using the MTS color-coded protocol (red,
orange, yellow, green, blue) [18], directing patients to the
appropriate care sector.

• Technician nurse: Executes diagnostic procedures, such
as laboratory and radiographic tests, as requested by
doctors, then refers patients back for further evaluation.

• Treatment nurse: Provides direct care by administering
medication, performing basic procedures, and assisting
doctors during treatment in clinical sectors.

• Emergency doctor: Delivers care to patients with urgent
or life-threatening conditions, ordering diagnostics, initi-
ating treatment, and deciding on admission, discharge, or
transfer, prioritizing based on triage.

• General doctor: Handles non-emergency cases, conducts
evaluations, prescribes treatment, and manages patient
flow in general care areas, typically for triage levels
yellow or green.

• Bed: Represents an individual unit for accommodating
patients. Beds are fixed and associated with specific
sectors. A patient can only be treated if a bed is available.

• Sector: An organizational unit that groups beds and
professionals. Each sector represents areas represented in
Fig. 1. The main function of this class is to record the
patient flow per sector of the emergency unit.

TABLE I
TIME DISTRIBUTIONS FOR ED PROCESSES.

Process Distribution (min)

Admission Uniform(5,10)
Triage Uniform(10,20)
Nursing: X-ray or Lab Test Triangular(15,30,45)
Nursing: Treatment Uniform(10,20)
Medical: General Triangular(10,20,25)
Medical: Suturing Triangular(15,20,40)
Medical: Pediatric Triangular(10,15,30)
Medical: Orthopedic Triangular(5,10,15)
Emergency Surgery Triangular(10,15,30)
Emergency Clinical Triangular(10,20,30)

Table I presents the time distributions associated with each
process performed by healthcare staff agents in the emergency
department simulation. Each process is modeled using either
a uniform or triangular probability distribution to capture
its inherent variability [9]. These durations directly influence
patient flow dynamics and staff workload across different
medical and nursing activities, including admission, triage,
diagnostics, treatment, and specialized medical care.

The proposed simulation model for patient flow in an ED
is structured based on the concept of a Finite State Machine
(FSM), presented in Fig. 2. In this framework, each agent
in the system—such as patients, healthcare professionals, and
physical resources—is modeled as an entity with a set of
discrete states and transitions between them, triggered by



internal or external events.

Fig. 2. Patient Finite State Machine: Representation of the patient flow within
the emergency department. Each state models a phase of the patient journey,
from arrival and registration through triage, waiting for medical attention,
treatment, and eventual discharge. Transitions between states are governed
by resource availability (e.g., admission, triage nurse, doctor) and system
conditions. This state-based formalism allows for precise modeling of patient
behavior and delays under stochastic and resource-constrained scenarios in
the agent-based simulation framework.

The patient is the central and only mobile agent in the
model, whose trajectory can be described as a sequence of
well-defined states, from arrival at the emergency unit to
discharge. Initially, the patient is in the arrival state, with
the arrival rate according to the Fig. 3, from reference [9],
transitioning to waiting for registration, then registered, un-
dergoing triage, waiting for medical care, under treatment,
undergoing tests (if necessary), and finally discharged. Each
state transition depends on the availability of resources (e.g.,
receptionists, beds, and doctors) and clinical decisions made
during the care process. This process is illustrated in Fig. 2.
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Fig. 3. Hourly distribution of expected patient arrivals at the emergency
department [9]. The arrival pattern reflects typical daily fluctuations, with
peaks between 11:00 and 14:00.

The agents, receptionists (admission), triage nurses, doctors,

technician nurses, and beds are modeled as reactive state
machines. For instance, a doctor transitions between avail-
able, evaluating a patient, awaiting test results, and finalizing
treatment, while a bed shifts between available and occupied.
These transitions are triggered by environmental events, such
as the arrival of a new patient or the completion of a medical
procedure, as illustrated in Fig. 4.

Fig. 4. Typical Agent Finite State Machine: Representing the typical behavior
of a healthcare staff agent within the simulation model. The agent cycles
through three main states: waiting for a patient, attending to a patient, and
setup time before the next appointment. Transitions between states are trig-
gered by the presence of patients, completion of care, and preparation tasks.
This abstraction captures the agent’s workload dynamics and availability,
enabling the simulation to model resource contention, idle times, and service
delays under stochastic patient arrivals and treatment durations.

In Fig. 4, the time that the health agent remains in the
“Attending Patient” state is shown in Table I. The “Setup time”
is the average time needed for a doctor to see the next patient,
including both the doctor’s preparation and the patient’s entry
into the treatment room.

Although the simulation models the entire workflow of the
emergency department — including patient arrival, transfers
between hospital units, staff preparation times, bed readiness,
treatment durations, and medical procedures — for this study,
we are solely interested in the door-to-doctor time. Therefore,
any events occurring after the patient’s initial encounter with
a doctor are considered outside the scope of this work. This
FSM-based modeling approach allows for a clear and sys-
tematic representation of the ED system’s dynamics, enabling
control of agent flow, monitoring of resource utilization, and
identification of operational bottlenecks.

B. Patient Flow

The simulated flow shown in Fig. 1 of a patient through the
system includes the following steps:

1) Arrival at the hospital: Patients arrive dynamically
based on a configurable arrival rate. Upon arrival, each
patient joins a queue for registration.

2) Registration by the receptionist: The receptionist
records patient information, assigns a unique identifier,
and forwards the patient to triage. Queues may form if
demand exceeds the receptionist’s capacity.

3) Triage: A triage nurse assesses the patient’s condition
and assigns a priority level, which influences their place-
ment in the treatment queue of the respective sector.



4) Sector allocation: The patient is assigned to an appro-
priate sector based on their priority. If resources (beds
and staff) are available, treatment begins immediately;
otherwise, the patient waits in the sector’s queue.

5) Treatment: The patient receives care from a health
professional (doctor or nurse) and occupies a bed for
the duration of the treatment. Treatment time may vary
depending on the severity.

6) Discharge: After treatment, the patient is discharged, the
bed is freed, and data such as total time in the system
and time in each stage are recorded.

C. Simulation Dynamics

The simulation advances in discrete cycles, updating the
state of each agent at every time step. The interaction rules
are designed to ensure:

• A realistic, sequential patient flow;
• Efficient use of healthcare professionals and beds;
• Continuous recording of performance metrics.
The patient arrival rate to the emergency unit is presented

in Fig. 3. The complete flow of a patient throughout the
healthcare process is illustrated in Fig. 2. At each stage
where the patient is assisted by a healthcare professional, they
remain in that state for a time t, which follows the service
time distribution specific to the corresponding professional, as
detailed in Table I.

D. Optimization Problem Formulation

The ED staff allocation problem can be formulated as a
multi-objective integer optimization problem (1):

{x∗
1, . . . ,x

∗
N} = argmin

x

{
tDTD(x), Ctotal(x)

}
s.t. xmin

i ≤ xi ≤ xmax
i , ∀i ∈ {1, 2, . . . , k}

xi ∈ Z+, ∀i ∈ {1, 2, . . . , k}
(1)

where:
• x: evaluated solution;
• x∗

1, . . . ,x
∗
N : represents the set of optimal solutions;

• tDTD: denotes the average door-to-doctor time;
• Ctotal: represents the total daily staffing cost;
• xmin

i , xmax
i : lower and upper bounds of professionals

allowed in category i, defined in Table II.
Table II represents the unit costs associated with each staff

category considered in the simulation model. These values
represent the per-unit cost (U.C.) of allocating one staff
member of a given type, and are used in the cost component of
the multi-objective optimization (2). Staff categories include
administrative (e.g., Admission), nursing, technical, and med-
ical personnel, both general and emergency-focused.

Each evaluation of (1) corresponds to a simulation run
that returns the values of tDTD. While the value of Ctotal is
calculated by (2):

Ctotal(x) =

k∑
i=1

cixi (2)

where:

TABLE II
UNIT COSTS AND DOMAIN BY STAFF CATEGORY.

Staff member (xi) Unit Cost (U.C.) Domain

Admission 45.00 [1, 5]
Triage nurse 75.00 [1, 8]
Technician 75.00 [1, 6]
Treatment nurse 110.00 [1, 7]
Emergency doctor 290.00 [1, 10]
General doctor 290.00 [1, 9]

• ci unit cost by category represented in the Table II
• xi is the number of professionals allocated to specificity

i;
• k is the number of categories (6 in the current model).

E. Optimization Algorithm

To optimize the simulation-based model, we employed the
Non-dominated Sorting Genetic Algorithm II (NSGA-II) [7], a
well-established and robust evolutionary algorithm for solving
combinatorial multi-objective problems. This choice is sup-
ported by the comparative study [19], which highlights NSGA-
II as a reliable approach for low-dimensional problems with
two or three objectives, particularly in discrete optimization
contexts.

In our case, the optimization was conducted over two con-
flicting objectives, defined in (1). The first objective function,
tDTD(x), is estimated via the agent-based simulation model,
which takes a staffing configuration x (i.e., the number of
personnel allocated per role) as input and returns an estimated
door-to-doctor time (tDTD). To ensure robustness against the
stochastic variation inherent to simulation, multiple replica-
tions are performed, and the average value is considered during
the evaluation.

The NSGA-II algorithm was implemented with the follow-
ing components:

• Encoding: each individual represents a candidate solution
by an integer vector, with each element corresponding to
a type of work team with the respective staff category,
e.g, treatment, general, and admission.

• Initialization: The initial population is randomly gener-
ated to ensure adequate coverage of the decision space,
while strictly adhering to the predefined bounds for each
agent.

• Evaluation: Each individual is evaluated using the ABS
estimation of the tDTD(x) and the Ctotal(x).

• Selection: Tournament selection is employed, preferring
individuals with better ranks and greater crowding dis-
tances.

• Variation Operators: To explore the space of feasible
staffing configurations, the evolutionary algorithm applies
two main operators: mutation and crossover.
Mutation: Mutation introduces variation by randomly
altering one or more elements of a vector. With a fixed
probability, each position may be replaced with a ran-
domly selected value within its allowable bounds.



Uniform Crossover: The crossover operator generates
a new individual by combining genes from two parent
solutions. For each gene (i.e., vector position), the off-
spring independently inherits the value from parent 1
with a probability of 1/6, or from parent 2 otherwise.
For example:

Parent 1: [3, 4, 2, 5, 6, 7]
Parent 2: [4, 3, 3, 4, 7, 6]
Offspring: [3, 3, 2, 4, 6, 6]

This gene-wise uniform crossover promotes diversity
while biasing the inheritance towards parent 2, which
contributes more frequently to the offspring. Such a
mechanism allows for effective recombination of building
blocks from both parents, contributing to the balance be-
tween exploration and exploitation in the search process.

• Elitism: The current population and offspring are
merged, and the best individuals (according to dominance
rank and crowding distance) are selected for the next
generation.

F. Simheuritcs

This study adopts a simheuristic approach to address the
stochastic nature of decision-making in emergency department
(ED) operations. As outlined by [10], simheuristics combine
metaheuristic optimization with simulation to handle stochas-
tic objective functions that arise in real-world systems. The
proposed model fits the Type D Hybrid OR/MS Model classi-
fication [11], integrating discrete-event simulation (DES) with
metaheuristics to capture system variability while efficiently
navigating the solution space. To enhance both computational
efficiency and result reliability, the number of simulation
replications is dynamically adjusted: fewer replications are
used during early-stage exploration, while more are allocated
in later stages to refine and validate promising solutions.

IV. RESULTS

A. Simulation Results

1) Validation Metrics and Realism of Simulation Outputs:
The validation of the model was performed by comparing its
output metrics against observed patterns in EDs. The following
validation steps were executed:

1) Arrival Rate Distribution: The hourly arrival rate
distribution in our model follows empirical data closely,
with variations from 5.2 patients/hour at midnight to
peaks of 9 patients/hour at midday. These rates are
consistent with [9] insights into patient arrival dynamics.

2) Sector Utilization: The model was tested for com-
pliance with capacity limits and realistic patient flow
across sectors, e.g., reception (30 patients capacity) and
treatment rooms (10 patients capacity).

3) Door-to-doctor times: The door-to-doctor times ob-
tained in this study are consistent with values reported
in the Brazilian healthcare context. For instance, the
study in [20] reports an average door-to-doctor time
of approximately 52 minutes in a large public univer-
sity hospital using the MTS. This is comparable to

international benchmarks, where high-performing emer-
gency departments achieve times around 25 minutes,
and typical operational targets range between 25 and 60
minutes [21], [22]. Therefore, the results presented in
this work are within the expected range for emergency
department operations, considering both local and inter-
national standards.

Figure 5 illustrates the hourly occupancy of Admission,
General, and Emergency sectors in a steady-state agent-based
simulation. Occupancy in the Admission sector peaks between
15:00 and 20:00, following the surge in patient arrivals to
the emergency department observed in Figure 3. The delay
between arrival peaks and occupancy reflects the triage and
flow processes within the system. Emergency and General
treatment sectors show lower and more stable occupancy, with
Emergency reacting more directly to arrival trends. These
results underscore the need for adaptive staffing and capacity
planning aligned with temporal demand patterns.

Fig. 5. One-day simulation of occupancy rates in the admission sector and
medical treatment sectors (General and Emergency)

2) Integration with Simulation-Optimization: As described
in [6], [8], [9], the integration of accurate stochastic process
times is essential for resource planning in EDs. By leveraging
similar distributions and extending the validation approach
with empirical data, our model ensures that patient flows
and resource utilizations reflect realistic ED operations. This
fidelity is critical for deriving actionable insights into bottle-
necks, resource constraints, and optimization opportunities.

3) Conclusion of Validation Process: The validation pro-
cess demonstrates the robustness of our simulation framework
in replicating ED workflows and timing distributions. By refer-
encing Table I, we ensure transparency in the use of stochastic
distributions, which were calibrated in alignment with the
methodology of [6]. The model serves as a reliable tool for
analyzing and optimizing emergency department performance.

B. Multi-objective Optimization Results

The NSGA-II algorithm was executed with a population of
20 individuals and with 100 generations. A mutation rate of
10%, and a crossover rate of 16.7% for each chromosome
position, a mechanism ensuring that each offspring inherits
at least one gene from each parent (approximately 1/6). The
number of ABS repetitions n per call to evaluate tDTDvaried
throughout the evolutionary process: n = 5 for estimations in



the early generations and n = 30 for estimations in the final
generation, as presented in [10] according to the experiment
design. The model was tested on a system with an 11th Gen
Intel(R) Core(TM) i5-11300H @ 3.10GHz processor and 16
GB of RAM; the total runtime to complete the optimization
process was approximately 4 hours.

Figure 6 presents the trade-off between tDTD and Ctotal. The
blue circles represent all evaluated solutions, while the red “X”
highlights the estimated Pareto front. As expected, solutions
with lower average time tend to require more human resources,
resulting in higher costs, while cost-efficient configurations
typically lead to increased patient time in the system. This es-
timated Pareto-optimal set enables decision-makers to choose
between configurations based on contextual priorities such as
resource availability or service level targets.
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Fig. 6. Estimated Pareto front and the dominated solutions evaluated during
the simheuristic approach.

C. Analysis of Pareto-optimal Solutions

A detailed analysis of the estimated Pareto-optimal so-
lutions, presented in Table III, reveals that certain staffing
configurations yield similar average times but significantly
different total costs.

This section highlights key examples that illustrate how
variations in staffing decisions affect cost-effectiveness:

• Example 1: Solutions with nearly identical average time
but different costs:

– Solution A: t̄DTD = 28.33 min, Ctotal = 4425 u.m
– Solution B: t̄DTD = 28.64 min, Ctotal = 3850 u.m

The main cost reduction comes from decreasing the staff
in the Admission area from 5 to 2. Additionally, the
number of Emergency doctors is reduced from 7 to 6. The
staffing levels for Triage, Technician nurse, Treatment
nurse, and General doctor remain unchanged. Despite

TABLE III
ESTIMATED PARETO-OPTIMAL SOLUTIONS AND THEIR RESPECTIVE

VALUES FOR tDTD AND CTOTAL OBJECTIVE FUNCTIONS.

Adm. Tri. Tech. Treat. Emerg. Gen. tDTD Ctotal

3 5 4 3 7 7 25.98 5200
5 6 1 6 3 9 26.27 4890
5 5 5 5 7 3 28.33 4425
2 5 3 5 6 3 28.64 3850
3 1 1 5 3 2 34.18 2285
1 4 6 5 1 1 41.53 1925
2 5 3 5 1 1 57.94 1820
2 3 3 5 1 1 67.66 1670
1 4 6 1 1 1 92.75 1485
1 1 2 1 1 1 97.43 960

a marginal increase in average time (0.31 minutes, ap-
proximately 1.1%), Solution B achieves a cost reduction
of 575 u.m (about 13%), indicating a significantly more
cost-effective configuration.

• Example 2: Solutions with higher average times but
substantially different costs:

– Solution C: t̄DTD = 92.75 min, Ctotal = 1485 u.m
– Solution D: t̄DTD = 97.43 min, Ctotal = 960 u.m

The only staffing difference between these two solutions
lies in the number of Technician nurses, which is reduced
from 3 to 2 in Solution D. All other staffing levels remain
the same. This reduction yields a significant cost saving
of 525 u.m (approximately 35%), at the expense of an
increase of 4.68 minutes (about 5%) in the average time.

These comparisons demonstrate the importance of eval-
uating both objectives simultaneously. Decision-makers can
choose the most appropriate solution depending on whether
the context prioritizes operational efficiency (low tDTD) or cost
savings.

V. CONCLUSION

This study presents a simheuristic framework combining
ABS with the NSGA-II to address staff allocation in EDs.
The approach leverages the complementary strengths of both
methodologies: the ABS captures the stochastic dynamics of
patient flow and resource interactions, while NSGA-II explores
the trade-off space between operational costs and service
quality under uncertainty.

The primary contributions of this study can be summarized
as follows. First, the proposed agent-based simulation (ABS)
model integrates empirically calibrated time distributions (Ta-
ble I) and state-machine logic (Figures 2 and 4) to realistically
emulate the operational behavior of an emergency department
(ED).

Second, the application of the NSGA-II algorithm over
a stochastic evaluation space yields an approximate Pareto
front (Figure 6), due to inherent variability in simulation
outcomes. The resulting trade-offs reveal that configurations
with comparable tDTD values (e.g., 28–34 minutes) may incur
cost differences of up to 13% (Table III), underscoring the
relevance of multiobjective analysis in ED staffing.



Finally, the adaptive simheuristic approach—initially allo-
cating five replications for broad exploration, and refining se-
lected solutions with thirty replications—effectively balances
computational tractability with solution robustness. This strat-
egy is aligned with established simheuristic principles [10],
where simulation is employed not only for performance esti-
mation but also for uncertainty quantification.

The computational cost of ABS evaluations constrained
the number of NSGA-II generations (100) and population
size (20). While sufficient for proof-of-concept, larger-scale
studies might employ parallelization, more advanced simula-
tion strategies, or surrogate modeling to improve Pareto front
approximation. The discrete-event FSM approach simplifies
continuous agent behaviors.

For ED managers, this framework provides a strategy to
evaluate staffing configurations under operational uncertainty.
It is important to allow risk-based decision-making and anal-
ysis. There is also a quantification of the trade-offs between
service quality (tDTD) and budgetary constraints (Ctotal). Fi-
nally, results highlight the importance of this kind of analysis
to (re)allocating resources (e.g., reducing admission staff by
60% with minimal time impact, as in Solution B).

Future research will explore decision-making methods that
are dynamically integrated with simulation. As illustrated in
Fig. 3, the demand for emergency care exhibits clear temporal
patterns for the problem evaluated in this work, meaning
that a staffing solution optimal at one point in time may be
suboptimal at another. Therefore, workforce allocation must be
responsive to demand fluctuations rather than relying on static,
one-size-fits-all strategies. Since both NSGA-II and ABS are
stochastic, repeated runs may yield slightly different Pareto
fronts. Consequently, decision-makers should evaluate the ro-
bustness of candidate solutions through post-hoc sensitivity
analysis.
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